An accurate estimate of limb position is necessary for movement planning, before and after motor learning. Where we localize our unseen hand after a reach depends on felt hand position, or proprioception, but in studies and theories on motor adaptation this is quite often neglected in favour of predicted sensory consequences based on efference copies of motor commands. Both sources of information should contribute, so here we set out to further investigate how much of hand localization depends on proprioception and how much on predicted sensory consequences. We use a training paradigm combining robot controlled hand movements with rotated visual feedback that eliminates the possibility to update predicted sensory consequences ('exposure training'), but still recalibrates proprioception, as well as a classic training paradigm with self-generated movements in another set of participants. After each kind of training we measure participants' hand location estimates based on both efference-based predictions and afferent proprioceptive signals with self-generated hand movements ('active localization') as well as based on proprioception only with robot-generated movements ('passive localization'). In the exposure training group, we find indistinguishable shifts in passive and active hand localization, but after classic training, active localization shifts more than passive, indicating a contribution from updated predicted sensory consequences. Both changes in open-loop reaches and hand localization are only slightly smaller after exposure training as compared to after classic training, confirming that proprioception plays a large role in estimating limb position and in planning movements, even after adaptation.
movements that best achieve our goals and they may inform us on the location of our 23 limbs. Hence measuring predicted sensory consequences is valuable in movement 24 research. In motor adaptation, the actual sensory outcome is systematically different 25 from the expected outcome, so that participants update their predictions on the 26 outcome of the trained movements. In two previous visuomotor adaptation experiments, 27 people were asked to make a movement and then indicate the location of, or "localize," 28 their unseen, right hand, before and after training with rotated visual feedback [5, 7] . 29 Since there was no visual information available to the participants, the predicted sensory 30 consequences of the movement should be used in localizing the unseen hand. Both 31 studies found a significant shift in hand localization, providing evidence that predicted 32 sensory consequences are indeed updated as a result of visuomotor rotation adaptation. 33 However, there is another explanation for shifts in hand localization after visuomotor 34 adaptation. Our lab, and others, have shown that our sense of where we feel our hand 35 to be, proprioception, is also reliably recalibrated after visuomotor adaptation [3, [9] [10] [11] [12] [13] [14] [15] [16] [17] [18] [19] , 36 and a comparable proprioceptive change is induced with force-field adaptation [20, 21] . 37 Just like efference-based predictions, proprioception also informs us on the location of 38 our limbs. To investigate recalibrated proprioception we have on occasion used a task 39 that is very similar to hand localization [3, 6, 22, 23] . Although proprioceptive 40 recalibration has been largely ignored as an explanation for changes in hand localization, 41 we and others have shown that it accounts for a substantial part of the changes in 42 localization, along with, but separate from, updates in predicted sensory consequences 43 [9, 19] . Nevertheless, it is far from clear how much proprioception and prediction each 44 contribute to hand localization. 45 Here we intend to further examine the contribution of proprioception to hand 46 localization, relative to the contribution of predicted sensory consequences. To do this, 47 we use a training paradigm with robot-generated movements, which we refer to as 48 'exposure training', where the cursor always goes directly goes to the target [19, 24, 25] .
49
This means there is no efference copy available and no visuomotor error-signal, both of 50 which are required to update predicted sensory consequences. That is, exposure training 51 to visuoproprioceptive discrepancy should not lead to updates of predicted sensory 52 consequences. However, the discrepancy between vision and proprioception does drive 53 proprioceptive recalibration. Thus, changes in any kind of hand localization after this 54 type of training should be due to proprioceptive recalibration only. We use the same 55 experimental protocol as before [9] , where classic visuomotor training should have 56 changed predicted sensory consequences along with proprioception. This allows 57 comparing shifts in hand localization between the two different types of training, and a 58 better assessment of the contributions of predicted sensory consequences and 59 proprioception to hand localization.
60
Primarily, we will compare the magnitude of shifts in passive and active hand females) that completed classic visuomotor training is used for comparison [9] .
94

Setup
95
Participants sat in a height-adjustable chair to ensure that they could easily see and 96 reach all targets. To ensure no visual information on right hand position was available to 97 localize the right hand, the room lights were dimmed and the participants' view of their 98 right hand was blocked by a horizontal surface, as well as a dark cloth draped between a 99 touch screen and participants' right shoulders. During all tasks, they held the vertical 100 handle on a two-joint robot manipulandum (Interactive Motion Technologies Inc.,
ig 1. Setup and tasks a) The participants held on to the handle of a robotic manipulandum with their unseen right hand. Visual feedback on hand position was provided through a mirror (middle surface) half-way between the hand and the monitor (top surface). A touchscreen located just above the hand was used to collect responses for the localization tasks (bottom surface). b) Training task. The target, shown as a yellow disc, is located 10 cm away from the home position at 45°. In the rotated training tasks, the cursor (shown here as a green circle) represents the hand position rotated 30°relative to the home position. c) No-cursor reach task. Targets are located 10 cm away from the home position at 15°, 25°, 35°, 45°, 55°, 65°, and 75°, shown by the yellow circles here (only one was shown on each trial). While reaching to one of these targets, no visual feedback on hand position is provided. d) Localization task. The participants' unseen, right hands moved out and back, and subsequently participants indicated the direction of the hand movement by indicating a location on an arc using a touch screen with their visible left index finger. screen was mounted 13 cm underneath the reflective surface (5 cm above the 
Procedure
115
The first part of the experiment used training with a cursor aligned with the hand and 116 the second part had training with a cursor rotated around the start position (Fig 1b; 117 Fig 2a) . During the training with rotated feedback, the cursor was gradually rotated 30°118 clockwise. This introduced a discrepancy between the actual, or felt, hand position and 119 the visual feedback, that should evoke proprioceptive recalibration. However, the 120 movements were robot generated, and always brought the cursor straight to the target, 121 so that there were no motor commands generated, and no predicted sensory 122 consequences based on this outgoing command. In the absence of predicted sensory 123 consequences and with perfect, error-free reach performance, there were no sensory 124 prediction errors to drive classic visuomotor adaptation either [27] . After both types of 125 training, participants did two kinds of hand localization tasks, to test the effect of 
Exposure training
129
In what we called 'exposure training' the participants did not move their hand toward 130 the target, but the robot did. In this task (Fig 2a, gray boxes) , the right hand was (Fig 1b) . In order to make sure 137 participants were paying attention to the cursor, the cursor was switched off for 2 screen 138 refreshes (˜33.3ms) on 50% of the trials at a random distance between 4 and 9 cm from 139 the home position and participants were asked to report this using a button press with 140 the left hand. Performance on this task was used to screen participants.
141
During the first half of the experiment, the "aligned" session, the cursor and hand 142 path were aligned during exposure training. In the second part of the experiment, the 143 "rotated" session, the visuoproprioceptive discrepancy was introduced. The same visual 144 training target at 45°was used, and the cursor kept moving straight to this target.
145
However, the robot-generated hand path gradually rotated 30°CCW (Fig 1b) with open-loop reach tasks and localization tasks (Fig 2, outlined and blue boxes) extra 151 training tasks were done, each of which consisted of 10 trials in the aligned part of the 152 experiment and 60 trials in the rotated part (Fig 2, gray boxes) . Experimental design a) Task order. All participants performed active and passive localization as well as no-cursor reaching tasks in both a first, aligned session and a second, rotated session. There is an extra no-cursor reach block in the rotated session, to assess decay. The number of trials (numbers above the rectangles) in the no-cursor reaching tasks and both types of localization were the same in the aligned and rotated sessions, but while aligned training was kept to a minimum, rotated training was increased to ensure sufficient adaptation. The Exposure training group did passive and active localization twice, but the Classic training group did different localization tasks in the second half of each session, the data of which is not used here. b) Our main question was about the signals contributing to hand localization in the four different kinds of localization. According to our hypothesis, updated predicted sensory consequences should have only contributed to active hand localization after Classic training.
No-cursor reaching
154
The trials in no-cursor reaching (Fig 1c; Fig 2, outlined boxes) served as a standard 155 measure of motor adaptation. On each of these trials participants were asked to reach 156 with their unseen right hand to one of 7 visual targets, without any visual feedback of 157 hand position. The targets were 10 cm from the home position, located radially at: 15°, 158 25°, 35°, 45°, 55°, 65°, and 75° (Fig 1c) . A trial started with the robot handle at the 159 home position and, after 500 ms, the home position disappeared and the target 160 appeared, cuing the participants to reach for the target. Once the participants thought 161 they had reached the target they held their position for 250 ms, and the target 162 disappeared, while the home position re-appeared, cuing participants to move back to 163 the home position along a straight, constrained path, to begin the next trial. The path 164 was constrained so that if participants tried to move outside of the path, a resistance 165 force, with a stiffness of 2 N/(mm/s) and a viscous damping of 5 N/(mm/s), was 166 generated perpendicular to the path. In every iteration of the no-cursor reach task, each 167 target was reached for three times, for a total of 21 reaches in pseudo-random order.
168
The no-cursor reaching task was performed four times in the aligned part of the 
Localization
174
In this task (Fig 1d; Fig 2, blue boxes) participants indicated where they thought their 175 unseen right hand was after a movement. First, an arc appeared, spanning from 0°to 176 90°and located 10 cm away from the home position and the participants' unseen, right 177 hand moved out from the home position in a direction towards a point on the arc. The 178 hand was stopped by the robot at 10 cm from the home position and then, to prevent 179 online proprioceptive signals from overriding the predictive signals [5, 9] , the hand was 180 moved back to the home position using the same kind of constrained path as used for Classic training
200
The paradigm described above was an exact replica of a paradigm we used earlier [9] 201 with three exceptions. First, we used exposure training here, instead of the standard 202 reach training with volitional movements, which we called 'classic' training. Second, all 203 localization was delayed until the right hand has returned to the home position in this 204 study, whereas the previous study also included a second set of "online" localization 205 tasks, where touch screen responses were collected when the unseen, right hand was still 206 at the furthest point of the movement. Instead of both delayed and online localization 207 we had two repetitions of each delayed localization task here. Third, we added cursor 208 blink detection to the training tasks, to make sure participants attended to the task. In 209 the present study we compared changes in localization responses and no-cursor reach 210 endpoints after exposure training with changes in the same measures after classic 211 visuomotor adaptation training, as collected earlier.
212
Analyses
213
Prior to any analyses, both the localization responses and the no-cursor reach data were 214 visually inspected and trials where the participants did not follow task instruction were 215 removed (e.g. several movements back and forth, or a touch-screen response on the 216 home position, instead of on the white arc).
217
Localization
218
We primarily wanted to test if hand localization shifts after exposure training, whether 219 or not there were differences between active and passive localization shifts, and finally 220 compare localization shifts after exposure training to those after classic visuomotor 221 training.
222
There were some idiosyncratic differences in performing localization (e.g. systematic 223 under-or overshoot of the arc by some participants). To counter this, we fitted a circle 224 with a 10 cm radius to the touch screen responses of each participant (using a 225 least-squared errors algorithm) and the offset of this circle's centre was subtracted from 226 all response coordinates, so that all responses fell close to the arc. Localization responses 227 were taken as the (signed) angular difference between vectors through the home position 228 and both the actual hand position as well as the location indicated on the touch screen. 229 For each localization response, we retain the angle of the actual reach endpoint, as well 230 as the signed angular error of the localization response. Since participants freely chose 231 their movement directions, we interpolated angular localization errors at the same 232 angles used for the no-cursor reaches (15°, 25°, 35°, 45°, 55°, 65°and 75°), but only if 233 that location fell within the range of the data (i.e. we did not extrapolate). For 234 interpolation we used a smoothed spline that was fit to every participant's response 235 errors in each of the four localization tasks (aligned vs. rotated and active vs. passive). 236 This way localization responses could be compared across participants despite the freely 237 chosen reach directions. At the 15°location 7/21 participants didn't have an estimate in 238 one or more of the four localization tasks (in the "classic" data it was also 7/21). While 239 that data was shown in the figures, we did not use it for analysis.
240
First we compared localization responses shifted following rotated exposure training 241 to those following aligned, and confirmed that training shifted localization. We then 242 tested if the shift in localization responses is different for active and passive localization, 243 and we ran analyses comparing localization after exposure training with localization training.
282
Results
283
In this study we intend to further elucidate the relative contributions of (updated) 284 predicted sensory consequences and (recalibrated) proprioception to training-induced 285 shifts in hand localization. We can parcel out these contributions by measuring hand 286 localization after both robot-generated (afferent signals only) and self-generated 287 movements (both afferent and efferent signals). Finally, all analyses are performed with 288 the data from the current experiment and those obtained in an earlier study that used 289 an identical paradigm, but trained with self-generated movements, or "classic" training. 
Localization
291
Here we test our hypothesis that exposure training with a visual-proprioceptive 292 discrepancy does not lead to changes in predicted sensory consequences. First, we can 293 see that the difference between rotated and aligned localization responses is different 294 from zero, after exposure training (Fig 3) , so that it seems there are shifts in localization 295 that we can compare between tasks and training paradigms. To verify this we fit an 296 LME to the localization errors throughout the workspace using session (aligned or localization shifts in exposure training (see Fig 3a) , although it is smaller than in classic 310 training (Fig 3b) . Also noteworthy is that the overall magnitude of the localization 311 shifts seems higher after exposure training as compared to classic (Fig 3c) . This is 312 unexpected, but we do find a similar pattern in other work [23] .
313
If, contrary to our hypothesis, this shift in localization after exposure training partly 314 reflects predicted sensory consequences, then shifts in active localization, that rely on linear mixed effects model (LME) to the change in localization using movement type
318
(active or passive localization) and hand angle, as well as their interaction as fixed effects 319 and participant as random effect. As we expected, there was no effect of movement type 320 
324
In order to compare hand localization shifts after exposure training with those after 325 classic training [9] , we fit an LME to localization shift using training type (exposure 326 vs. classic), movement type (active vs. passive) and hand angle and all interactions as 327 fixed effects and participant as random effect. There is a main effect of movement type 328 (F(1,422.0 (F(1,39.1)=0 .92, p=.34) and no other effects (all p>.14).
332
These results also suggest that the magnitude of the shifts in localization are comparable 333 between classic and exposure training, but that the pattern of generalization is different. 334 To address our main question, we will consider the interaction between training type 335 (exposure vs. classic) and movement type (active vs. passive) we report above (see also 336 Fig 3c) . The overall larger shifts after exposure training could be due to inherent and movement type should be caused by an effect of movement type on the localization 343 shifts after classic training, as we found previously [9] . This means that shifts in hand 344 localization after exposure training indeed rely on recalibrated proprioception alone, 345 while after classic training, there also is a contribution of predicted sensory 346 consequences to active localization.
347
Localization variance
348
In active movements there could have been more information available to localize the 
376
To see if reach aftereffects decay during the localization tasks, we compare reach 377 aftereffects in the initial no-cursor block, that immediately follow training, with those in 378 the later blocks that follow a localization task. We fit an LME to the reach aftereffects 379 with iteration (initial vs. later no-cursor blocks) and target (as above) as well as their 380 interaction as fixed effects and participant as random effect. There is no effect of there is likely no noticeable decay of reach aftereffects during the localization tasks, so 385 that we can collapse the data across iterations.
386
Next we compare the reach aftereffects after classic training with those after 387 exposure training (Fig 4b) . It appears as if there is little overall difference in magnitude, 388 but there might be a shift of the generalization curve. We fit an LME to reach p<.001), indicating that reach aftereffects exhibit some form of a generalization curve. 395 There is also an interaction between training type and target (F(6,240)=2.27, p=.038), 396 indicating these generalization curves are different after the two training types. To 397 summarize, we find that exposure training elicits substantial and persistent motor 398 changes and we don't find a difference in the magnitude of reach aftereffects between 399 those after classic and exposure training.
400
Generalization maxima
401
While not our main question, we will add exploratory analyses on the potentially 402 different generalization patterns of localization shifts and reach aftereffects after classic 403 and exposure training (Fig 5) . The LMEs above indicate no difference in overall 404 amplitude of localization shifts or reach aftereffects between the groups, so the 405 interaction between training type and hand angle (or target for reach aftereffects) might 406 stem from a shifted generalization curve after exposure training, in contrast to classic 407 training where the maximum is close to the trained target [31] . Using the active 408 localization shifts only (which are larger, and should arguably be more similar to reach 409 aftereffects, because they include predicted sensory consequences), we bootstrap a 95% 410 confidence interval for the maximum localization shift, by resampling participants 411 within each group 100,000 times and taking the centre of a normal curve fit. This 412 procedure indicates that after classic training, the maximum localization shift is at 48.3°413 (95% confidence: 36.9°-57.8°; red area in Fig 5a) , and after exposure training the 414 maximum localization shift is at 62.5°(95% confidence: 55.4°-70.8°; blue area in Fig   415   5a ). This means that the maximum effect of classic training on localization, occurs at a 416 different point in the workspace than that of exposure training.
417
In Fig 5b we can observe a similar pattern for reach aftereffects. Using the same 418 bootstrapping procedure, we find that the maximum of the generalization curve of reach 419 aftereffects after exposure training is at 70.2°, with a 95% confidence interval ranging 420 from 65.7°to 153.5°. This very high upper bound can be explained by the fact that our 421 experiment didn't sample the full distribution (nor was it meant to), so that a curve 422 with a peak at such a location could be an accurate fit of the data. However, we can at 423 least take the lower bound as the minimum location in the workspace where reach should sample a wider part of the workspace in future experiments to get more accurate 435 fits. However, the different generalization functions after classic and exposure training 436 indicate that the mechanisms of adaptation that are employed by participants in each of 437 the training paradigm are substantially different, as we have found before [11] , even 438 when both affect hand localization and open-loop reach directions. In classic training, 439 sensory prediction errors mainly drive adaptation [27] , and these are more or less 440 anchored to the visual target at 45° [31, 32] . In exposure training, cross-sensory The differences between the generalization curves for both reach aftereffects and 447 hand localization shifts after both classic and exposure training are not well understood. 448 Perhaps the error-signals underlying both may provide a hypothesis as the basis for 449 future work. On the one hand, in classic training, what gets updated is the movement 450 that should be used to reach a certain visual target using a visual cursor. Hence the 451 reach aftereffects, and perhaps hand localization shifts should be strongest close to the 452 visual target [31] . On the other hand, in exposure training, people do not have to make 453 any movements, but the proprioceptive feedback they experience is associated with 454 different visual feedback. Hence the hand localization shifts, and perhaps reach 455 aftereffects should be strongest close to the experienced hand position. This hypothesis 456 matches the patterns we observe here, but requires experimental verification.
457
Regardless of the differences in generalization maxima, exposure training leads to 
Discussion
463
Accurate information on where our limbs are is important for planning and evaluating 464 movements, and can be estimated through predicted sensory consequences, as well as 465 visual and proprioceptive feedback. As in a previous study [9] recalibration. Before and after training, participants localize their hand, both after
476
"active," self-generated movements that allow using predicted sensory consequences, and 477 after "passive," robot-generated movements that only allow using proprioception. We 478 calculate the training-induced shift in both types of localization given the same actual 479 hand position. After classical training we previously reported larger shifts in active 480 localization as compared to passive [9] . also demonstrated by savings and interference from exposure training carrying over to 504 subsequent classic training [33] and transfer of exposure training effects from one hand 505 to the other [34] . In the current study, we further demonstrate that exposure training 506 affects both movements and proprioception, and verify that it likely has little effect on 507 predictive estimates.
508
Results similar to what we find here were reported in a study by Cameron and 509 colleagues [19] , using gain modulation of visual feedback of single-joint hand movements 510 around the elbow. Their within-subjects experiment included both training with 511 volitional movements as well as with machine-generated movements and also tested 512 perception of movements that were either passive or active. They too found a robust 513 change in passive perception of hand movement (using a different measure), and these 514 changes did not differ between the two types of training. Similarly, they found shifts in 515 what we might call "active localization," although the task is different, after both 516 training types. Like here, these shifts are larger after classic training as compared to 517 exposure training. They also found that exposure to a visuo-proprioceptive discrepancy 518 leads to reach aftereffects, although these were smaller than those produced following
519
"classical" training with altered visual gain. Both our findings, and those of Cameron et 520 
540
Apart from these concerns, it might be that active localization is more precise than 541 passive localization, as it is based on more information. However, here we confirm 542 previous findings [6, 35] that show this is not the case, and recently replicated this in a 543 much larger dataset [36] . This sets limits for the kinds of mechanism we can (MLE) or "optimal integration" [37] would predict that active localization should shift 548 less than passive localization after exposure training. But this is not the case in our 549 findings (although it is the case for Cameron et al., [19] ). Taken together, this suggests 550 these different sources of information about unseen hand location are probably not 551 optimally integrated. It also suggests that the afferent signals in active localization are 552 not more informative than afferent signals in passive localization. While localizing the 553 unseen hand is less precise than locating (pointing to) a remembered visual target or a 554 seen and felt hand location, we find that these bimodal estimates are rarely integrated 555 optimally [35, 38, 39] , although others have [40] . A more recent study [41] has also shed 556 doubt on whether "optimal" or "Bayesian" integration is used for locating the hand 557 with two afferent signals. Analogously, here we again can't find evidence that afferent 558 and efferent information combine as a maximum likelihood estimate.
559
It seems clear that the cerebellum plays a role in motor learning as it appears to 560 compute predicted sensory consequences, i.e. it implements a forward model [42] [43] [44] .
561
People with cerebellar damage do worse on motor learning tasks [45] [46] [47] [48] , and show 562 decreased shifts in hand localization tasks following motor learning [5, 7] . This highlights 563 that the cerebellum, and likely predicted sensory consequences, are important for motor 564 learning, but does not explain the remaining shifts in hand localization. We previously 565 found that proprioceptive recalibration is intact in people with mild cerebellar ataxia 566 and that it is similar following exposure and classical training with a gradually 567 introduced cursor rotation [18] . The remaining changes in hand localization found in 568 cerebellar patients can be attributed to recalibrated proprioception which should be 569 intact [18] . Analogously, here we show that in a paradigm that stops updates of 570 predictions of sensory consequences, as supposedly in people with cerebellar damage, we 571 still see substantial shifts in localization. Again, the remaining localization shifts can be 572
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16/20 explained if, along with predictions, the human brain uses afferent signals: recalibrated 573 proprioceptive estimates, to localize the hand.
574
Conclusion
575
To sum up, after a training paradigm designed to prevent updating of predicted sensory 576 consequences but allowing recalibration of proprioception, we find substantial changes in 577 where people localize their hand. This means that recalibrated proprioceptive estimates 578 can explain shifts in hand localization. Since our participants also changed the direction 579 of open-loop reaches, recalibrated proprioception seems to guide motor planning. This 580 study confirms that sensory prediction error based learning and proprioceptive 581 recalibration are different mechanisms that separately contribute to motor adaptation. 582
